Abstract -Meta-analysis of information from quantitative trait loci (QTL) mapping experiments was used to derive distributions of the effects of genes affecting quantitative traits. The two limitations of such information, that QTL effects as reported include experimental error, and that mapping experiments can only detect QTL above a certain size, were accounted for. Data from pig and dairy mapping experiments were used. Gamma distributions of QTL effects were fitted with maximum likelihood. The derived distributions were moderately leptokurtic, consistent with many genes of small effect and few of large effect. Seventeen percent and 35% of the leading QTL explained 90% of the genetic variance for the dairy and pig distributions respectively. The number of segregating genes affecting a quantitative trait in dairy populations was predicted assuming genes affecting a quantitative trait were neutral with respect to fitness. Between 50 and 100 genes were predicted, depending on the effective population size assumed. As data for the analysis included no QTL of small effect, the ability to estimate the number of QTL of small effect must inevitably be weak. It may be that there are more QTL of small effect than predicted by our gamma distributions. Nevertheless, the distributions have important implications for QTL mapping experiments and Marker Assisted Selection (MAS). Powerful mapping experiments, able to detect QTL of 0.1σ p , will be required to detect enough QTL to explain 90% the genetic variance for a quantitative trait. distribution of gene effects / quantitative trait loci / genetic variance / marker assisted selection
INTRODUCTION
Traits of economic and ecological importance in livestock species are frequently quantitative. Both genetic and environmental variations contribute to the variation observed in quantitative traits in livestock populations. The genetic component of variation has been widely modelled assuming a large number of genes of small effect, termed the infinitesimal model. The infinitesimal model is attractive as it facilitates simple and elegant statistical descriptions of inheritance, such as predictable changes in genetic variance as a result of selection [5] . The discovery of a small number of genes of very large effect, such as the effect of the Hal gene on meat quality in pigs [17] , led to a mixed model of inheritance of quantitative traits with many genes of small effect and rare genes of very large effect.
Recently, quantitative trait loci (QTL) of moderate effect have been found to be segregating even in selected populations [2, 9] . We define a QTL as any gene having an effect of any measurable size on the quantitative trait. Detection of these QTL indicates the basic assumption of the infinitesimal model is flawed. Neither do the findings agree with the mixed model, which generally only accommodates single genes of very large effect. Then for a deeper understanding of the genetics of quantitative traits, information regarding the distribution of effects of QTL affecting quantitative traits is needed.
One source of information is from QTL mapping experiments. The aim of these experiments is to detect genes which contribute to quantitative trait variation, and determine their position on the chromosome. The livestock species with the most reported mapping information at present are pigs and dairy cattle. Results of four QTL mapping experiments with markers bracketing a large proportion of the porcine genome have been reported [2, 3, 15, 22, 23] . Results of three QTL mapping experiments in dairy cattle with markers bracketing a large proportion of the bovine genome have been reported [4, 9, 29] . At present, mapping experiments are not powerful enough to detect all the QTL that cause variation in quantitative traits, and QTL effects are only reported above a size determined by the experimental significance level. A second major limitation of using reported QTL effects to derive distributions of the effects of genes on quantitative traits is that effects reported are observed with experimental error.
In this paper we aim to derive distributions of QTL effects in pigs and dairy cattle using meta-analysis of published estimates of QTL effects. A QTL effect is defined as the effect of substituting the decreasing allele for the increasing allele. Dominance effects of the QTL are not considered for simplicity. The two major limitations of published estimates, that effects are observed with error, and only effects above a certain size for each experiment are reported, were accounted for. QTL effects were assumed to follow a gamma distribution. Gamma distributions are extremely flexible, and with only two parameters can describe any shape from equal gene effects to highly leptokurtic distributions [12] . As the total number of QTL detected in livestock species to date is limited, data from QTL experiments were accumulated across traits. The distributions of QTL effects derived are therefore for an "average" quantitative trait. Consequences of the distributions for QTL mapping experiments and Marker Assisted Selection (MAS) are explored.
METHODS

Criteria for inclusion of data
The literature was searched for results of QTL mapping experiments with markers covering a large proportion of the autosomal genome in pigs and dairy cattle. Data were the published estimates of QTL effects, and the standard errors of the effects. Within an experiment, data were included if the authors reported the QTL effect as significant, at the most stringent significance level used in that experiment. If no standard errors were presented but P values were available, approximate standard errors were calculated from P values using the t distribution. If LOD scores were presented, these were converted to P values using a χ 2 1 distribution, and then to standard errors using the t distribution. We assumed significant QTL reported in different experiments were different QTL, even if QTL mapped to approximately the same region. We made this assumption because at present mapping experiments are not precise enough to determine if QTL reported in different experiments map to exactly the same position on the genome.
Pig data set
Pig data were from crossbreeding experiments between divergent breeds. Three experiments generated F 2 progeny [2, 3, 15] , and one experiment generated backcross progeny [22, 23] . The authors analysed their data assuming these breeds were fixed for alternate alleles at the QTL. The data extracted for this analysis were the additive effect of the QTL (half the difference between the two homozygotes) for significant QTL. Traits for which QTL were reported included growth, carcase and meat quality. The study of Andersson et al. [2] reported QTL effects as significant using a chromosome-wide significance level, whereas the other studies used a genome-wide significance level. Across all pig experiments, 32 significant additive QTL were reported.
Dairy data set
The three dairy experiments used a granddaughter design for QTL detection, with effects reported within grandsire families [28] . Data were gene substitution effects, the difference between the average effects of the two QTL alleles from the grandsire [8] . Gene substitution effects may include both additive and dominance effects. However in the within family designs used, additive and dominance effects could not be separated. When QTL effects were reported in daughter yield deviations (DYD), the effects were doubled to give the phenotypic effect. Traits for which QTL were reported were protein and fat percentage (P%, F%), and protein, fat and milk yields (PY, FY, MY). Across all dairy experiments, 50 significant QTL effects were reported.
Effects for the % traits reported by Georges et al. [9] were an order of 10 larger than effects for % traits reported in other studies, perhaps because they were actually in units of g · L −1 . The phenotypic standard deviation for the % traits in Georges et al. [9] (derived from standard deviation of daughter yield deviations) was an order 10 larger than phenotypic standard deviations reported in other experiments. As a result, after QTL effects were scaled by phenotypic standard deviations, effects for % traits in Georges et al. [9] were comparable with those elsewhere.
The QTL effect for MY reported by Zhang et al. [29] was an order of two larger than effects reported elsewhere. The phenotypic standard deviation for MY in Zhang et al. [29] was also large. After scaling, the QTL MY effect reported by Zhang et al. [29] was similar in magnitude to those reported elsewhere. The study of Zhang et al. [29] was unusual in that if QTL effects were detected in a number of families, only the largest and the mean (across families) QTL effects were reported. Only the largest QTL effects were reported with standard errors. As the standard errors of the QTL effects are required in our methods for deriving the distribution of QTL effects (see below), only these largest QTL effects were used. Some data are included in both the studies of Zhang et al. [29] and Georges et al. [9] , but the published results were sufficiently different that data from both studies were included in the analysis.
The study of Ashwell et al. [4] used a substantially lower threshold for significant effects than other experiments.
In order to accumulate effects across traits within pig and dairy experiments, each effect and standard error were divided by the phenotypic standard deviation of the trait. If estimates of additive genetic variance, V A , and the environmental variance, V E , were reported with variance due to fixed effects removed, the phenotypic standard deviation used was √ V A + V E . If V A and V E were not reported, the standard deviation of raw phenotypic records was used. For some of the dairy experiments, there was no information on phenotypic standard deviations for the traits, so literature estimates were used [18] .
Maximum likelihood estimation of distribution of QTL effects
It was assumed that the true underlying QTL effects follow a gamma distribution, with scaling parameter α and shape parameter β, g(x) = α β x β−1 e −αx /Γ (β). The first and second moments of the gamma distribution are E (a) = β/α and E a 2 = β (β + 1) / α 2 . The kurtosis γ 2 of the distribution was calculated as γ 2 = (β + 2) (β + 3) / β (β + 1) . For example, β → ∞ is the limiting case for all effects being equal, in which case γ 2 = 1. Conversely, as β → 0, γ 2 → ∞, and the distribution becomes increasingly leptokurtic [12] , and skewed to the right with many effects close to zero.
The estimated effect of the QTL, reported in the literature, was assumed to follow a normal distribution. The mean of the normal distribution was the true QTL effect, and the standard deviation was the estimation error for the QTL.
Let n x i, j |x be the ordinate of the normal distribution for x i, j , the jth observed effect from the ith experiment, given the true QTL effect is x. Then
where the average standard error for experiment i is σ i . All variables are expressed in units of phenotypic standard deviations.
We define the QTL effect as the effect of substituting the decreasing allele with the increasing allele, so all substitution effects were positive. It is possible that the observed QTL effect and true QTL effect have opposite signs (i.e. a negative QTL effect is observed when the true QTL effect is positive). The experimenter has no way of knowing that this has occurred. Therefore the value of the normal distribution when observed effects were given the opposite sign to the true QTL effect, n − x i, j |x was included to complete the distribution. A density function for x i, j can be written as
We also took into account the fact that QTL are only observed above a truncation point determined by the significance threshold for each experiment. The truncation point, c i , was taken as the value of the smallest of the significant observed effects in each experiment. Then the probability that x i, j is observed when the true QTL effect is gamma distributed with parameters α and β is,
The log likelihood for all x i, j in t experiments, with m i significant QTL effects
ln P x i, j |α, β .
Numerical integration was used to integrate the distributions where required. A grid search was used to find the maximum likelihood (ML) estimates of α and β given the data.
Support limits for parameters α, β, E (a) and E a 2 were obtained by linear interpolation from differences in log likelihood from the maximum over the profile. The fitted parameter value corresponding to a change in log likelihood of 2 was taken as the support limit, which is asymptotically equivalent to a 95% confidence limit [12] . Kurtosis was calculated from the maximum likelihood estimate of β.
Number of heterozygous QTL per sire
In this section we attempt to calculate the total number of heterozygous QTL per sire. Only heterozygous QTL can be detected in mapping experiments. We assume that the number of observed QTL above the significance threshold is equal to the number of true QTL above the significance threshold. We realise this is unlikely to be the case, as some of the observed QTL could be false positives. The error introduced by this assumption is reduced somewhat by using only QTL reported as significant at stringent significance thresholds.
The number of QTL per trait per sire observed in an experiment was n i for experiment i. The QTL above size c i are a proportion of the total QTL. This proportion can be calculated as
Therefore the total number of heterozygous QTL per trait per sire or F 1 boar is
The number of heterozygous QTL per trait per sire or F 1 boar was calculated from each of the pig and dairy experiments. The average number of heterozygous QTL per sire for each of the species was calculated, as
The value of n i was adjusted before calculatingN for (i) the proportion of the genome bracketed by markers, and (ii) in dairy data only, for the probability that a grandsire is heterozygous for a marker bracket surrounding a QTL. Sections of the genome were assumed to be bracketed by markers if there was less than 50 cM between adjacent markers. Assumptions regarding the number of QTL per marker bracket depend on the assumptions made by authors of the papers used in the meta-analysis, but generally a maximum of one QTL per bracket per experiment was assumed. Pitfalls of this assumption are considered in the discussion.
For dairy, we only predicted the number of heterozygous QTL for Georges et al. [9] and Zhang et al. [29] . Ashwell et al. [4] only used 16 markers in their study, and the proportion of the genome bracketed by these markers could not be reliably predicted. Georges et al. [9] estimated their marker map covered 66% of the genome. If n i = 0.5 with 66% of the genome bracketed by markers, n i = 0.76 would be expected if 100% of the genome were bracketed. Zhang et al. [29] used markers which bracketed almost the entire autosomal genome so no adjustment to n i was necessary (their estimate).
In the mapping experiments used to provide data for our meta-analysis, the heterozygosity of markers was not 100%. Therefore some sires may have been homozygous for marker brackets containing heterozygous QTL. If a sire is homozygous for a marker, it is not possible to detect a heterozygous QTL linked to that marker. As an approximation, we have assumed that the proportion of sires that are detected as heterozygous at the QTL is proportional to the average heterozygosity of the markers, and adjusted n i accordingly. The average heterozygosity of markers used in the experiments of Georges et al. [9] and Zhang et al. [29] were 45.8% and 46.1% respectively. The numbers of heterozygous QTL/sire/trait detected in these experiments were 0.14 and 0.36 for Georges et al. [9] and Zhang et al. [29] respectively. Given our assumption, if the markers in each of these experiments were 100% heterozygous, 0.31 and 0.78 QTL/sire/trait would have been detected.
As the pig experiments used an across family analysis, QTL were reported per trait rather than per trait per sire. Therefore no adjustment to n i for the average heterozygosity of markers in sires was used.
Within sire segregation variance
The within sire segregation variance explained by the distribution of QTL effects is derived as follows. For each experiment, the variance caused by the segregation of N i genes within the gametes from one sire is N i 1 4
E a
2 . For dairy experiments, the amount of within sire segregation variance which the distribution of QTL effects explains can be compared to the within sire segregation variance. The within sire variance can be calculated from typical heritability estimates, as 1/4h
2 . In pig experiments, N i
E a 2 is equivalent to the F 1 segregation variance.
Total number of QTL segregating in the population
In outbred populations, one individual will only be heterozygous for fraction (2K) of the total number of genes segregating. Given the number of QTL found heterozygous in each sire (N i ), the total number of segregating loci (M) will be given by M = N/2K. An estimate of M is therefore M =N/2K. We can calculate 2K by making some assumptions about the distribution of gene frequencies. We assume the distribution of gene frequencies is for a population previously without selection for the quantitative trait, and with all genes neutral with respect to fitness. We recognise that these assumptions are not correct, particularly if the population has undergone some artificial selection, in which case QTL with large effects are likely to be at extreme frequencies. In this case we are likely to underestimate 2K, the proportion of heterozygous QTL. However, the assumptions allow us to provide a rough estimate of the number of genes explaining the variance in quantitative traits. Given our assumptions, distribution of gene frequencies will reflect the generation of new alleles by mutation and their loss by drift. The gene frequency probability density from this assumption is f ( p) = K/ p(1 − p) , where K is a constant and p is the frequency of one allele [14] . This calculates the gene frequency distribution accurately if the product of the mutation rate per locus and effective population size is small. This is likely to be the case in most livestock populations. The relevant part of the gene frequency distribution is from π p 1 − π, where π = 1/(2N e ). The value of π is the lowest possible gene frequency in a population of effective size N e . We have used effective population size as an approximation. In fact all parents in the population are targets for mutation. In modern livestock populations however, mutations may only be exploited if they occur in elite breeding animals (e.g. AI sires in the dairy industry), as it is these animals which provide genetic material for the improvement of the population. The size of the elite population is likely to be nearer the effective population size than the census population size.
The constant, K, is chosen so that
Integrating this function and solving for K gives the result,
The mean heterozygosity of QTL is small QTL (e.g. < 0.3σ p ) was larger in the dairy data set than the pig data set. Dairy experiments generally have more power to detect small QTL than the pig experiments. The raw average QTL effect for dairy data was lower than for the pig data, 0.32σ p ± 0.03σ p . Support limits were large for the ML estimates of parameters of scale (α) and shape (β) for the gamma distribution for pig and dairy effects, Table I . The large support limits reflect the small size of pig and dairy data sets.
We used a likelihood ratio test to determine if the pig and dairy distributions were significantly different. The gamma distribution was fitted to a data set containing both pig and dairy data. ML parameters for this pooled data set were scale (α) = 7.1 and shape (β) = 0.59. The likelihood ratio was calculated as −2 * the natural logarithm of the ratio of the sum of the maximum likelihood's of the pig and dairy data analysed separately to the maximum likelihood of the pooled data set. The likelihood ratio was compared to a chi-squared statistic with one degree of freedom at the 0.05 significance level. The distributions were not significantly different. However, the small size of the data sets means that the distributions would have to be very different before the likelihood ratio test was significant.
The first moment of the distribution is the mean QTL effect. The mean QTL effect from the pig and dairy gamma distributions were much smaller than the raw mean of the QTL data.
Both distributions were moderately leptokurtic, and implied many QTL of small effect, and few of large effect, Figure 2 . Figure 2B suggests a greater density of QTL above 1σ p for dairy than for pigs. This is agreement with the frequency distributions for pig and dairy QTL effects scaled by phenotypic standard deviations (Fig. 1) .
The variance contributed by the QTL of effect greater than a specified truncation point was determined. To do this we assumed that large QTL and small QTL will have similar frequency distributions. Figure 3A plots ∞ c x 2 g(x)dx against c, where c is a specified truncation point. As QTL effects are observed with error, the apparent variance explained by observed QTL may be different to actual genetic variance explained by true QTL. The apparent
Number of heterozygous QTL per sire
The estimated number of heterozygous QTL per sire per trait was approximately 10 for both pig and dairy distributions, Table II. For dairy, the results are consistent between studies. For pigs, the number of segregating QTL per trait are approximately similar for Roher and Keele [22, 23] , Andersson et al. [2] and Knott et al. [15] . The numbers of segregating QTL predicted from Andersson-Eklund et al. [3] is much lower. Andersson-Eklund et al. [3] included many more meat quality traits in their experiment than the other experiments. Meat quality traits typically have a low heritability [24] . This could indicate a problem with pooling results over different traits.
The average number of QTL heterozygous in F 1 boars was similar to the average number of QTL heterozygous in dairy sires. At first sight this is surprising since the F 1 boar is a wide cross and the dairy sires are largely pure Holstein. However the pig experiments were analysed assuming that alternate alleles were fixed in the parent pig breeds so that all F 1 s were heterozygous and identical. This is probably an unrealistic assumption, with the consequence that the mapping experiments may fail to detect QTL which are heterozygous in some F 1 boars but not in others.
Within sire segregation variance
The within sire segregation variance estimated for dairy cattle was 0.055. The average number of heterozygous QTL/sire/trait from Table II was used to make this prediction. Thus the distribution represents a generic trait with heritability of 0.22. For comparison, if heritabilities from literature are averaged over the five dairy production traits (using h 2 for percentage traits as 0.5 and h 2 for yield traits as 0.2) 1/4h 2 is 0.080 [18] . Hence the predicted value of within sire segregation variance underestimates the average of estimates from the literature by about 30%.
Using the number of genes in Table II for each pig experiment, the F 1 segregation variances were calculated as 0.056 [22, 23] , 0.124 [2] , 0.108 [15] and 0.035 [3] . The differences between studies can be explained by the different traits which were included in the mapping experiments. Both Andersson et al. [2] and Knott et al. [15] examined growth and carcass traits, which have moderate to high heritability. Andersson-Eklund et al. [3] examined a large number of carcass and meat quality traits, with moderate to low heritability. The F 1 segregation variance for these traits could be expected to be lower than the F 1 segregation variance for the traits examined by Andersson et al. [2] and Knott et al. [15] . Roher and Keele [22, 23] examined fat deposition and muscling and wholesale product yield traits, which have moderate to high heritability. 
Total number of segregating QTL in the population
The number of segregating QTL was predicted to be 49, 74 and 99 for effective population sizes of 50, 500 and 5000 respectively. It is difficult to say which estimate is the most likely. The world's dairy population is increasingly dominated by the Holstein breed. In addition, widespread use of Artificial Insemination (A.I.) has reduced the number of bulls used to breed dairy sires worldwide. As a result, the effective population size of the world's dairy herd is relatively low [10] , but this is a recent phenomenon and the effective population size was probably larger in the past.
Expected true QTL effects given observed effects
The distribution of effects of QTL on quantitative traits can be immediately applied to correct bias in the QTL effects reported in literature. Bias in reported effects arises because QTL effects are only reported above a size determined by the experimental significance level, and effects are observed with experimental error, and so effects that reach the significance threshold and are reported are likely to be overestimated [9, 29] .
The expected true QTL effect, given an observed QTL effect, is,
xf x|x dx which can be calculated as,
However, this does not take account of the large number of chromosome segments with no heterozygous QTL. In a typical mapping experiment, 100 chromosome segments may be tested for the presence of QTL. We have estimated that approximately 10 heterozygous QTL are segregating per sire. Hence 90% of the chromosome segments do not contain QTL, and therefore have a true effect of zero. An effect can still be observed for these chromosome segments due to experimental error. The expected true QTL effect, given an observed QTL effect, is then, Where n x|0 is the ordinate of the normal distribution atx with mean zero and standard deviation the standard error of the experiment.
The value of E x|x can then be plotted against the observed QTL effects for the pig and dairy distributions, given specified standard errors (Fig. 4) .
Even with an experimental standard error of 0.1σ p , the figure indicates observed QTL of small to moderate effect (e.g. 0.1σ p to 0.3σ p ) will be serious overestimates of the true QTL effect. Observed QTLs of this size have a high probability of being chromosome segments which in fact contain no QTL, with the observed effect purely due to experimental error. Figure 4 indicates observed QTL of moderate effect (e.g. 0.4σ p ) will also be serious overestimates, by 22% and 25% for dairy and pigs respectively, when the standard error is 0.1σ p . Large observed QTL (e.g. 1σ p ) are overestimates of the true QTL effect by approximately 5-10%, if the standard error is 0.1σ p . However if the standard error is large (0.25σ p ), as was the case with most observed QTL of effect > 1σ p , the overestimation of the size of the QTL is more serious, at 55% for dairy and 70% for pigs.
DISCUSSION
The limitations of the data on which this meta-analysis is based must be acknowledged. The limited number of significant QTL reported in the literature (32 for pigs and 50 for dairy) meant support limits for parameters of distributions of QTL effects were large. Data quality was compromised by failure of some studies to report phenotypic variances and other necessary information for the resource population. In these cases the phenotypic standard deviation was taken from other sources, and were therefore only approximations. Despite this, internal consistency of the data was high. The magnitude of QTL effects scaled by phenotypic standard deviations generally in good agreement for traits across studies.
Since the data for the analysis included no QTL of small effect, the ability to estimate the number of QTL of small effect must inevitably be weak. The within sire segregation variance explained by the distribution estimated for dairy traits appears to under estimate the true within-sire segregation variance. It may be that there are more QTL of small effect than predicted by our gamma distributions. In addition, the numbers of QTL segregating are predicted from our distribution with low accuracy, given the large support limits for parameters of the distributions. An example illustrates how the number of genes changes from the support limits to the ML estimates for the distribution. Assume 0.62 QTL/sire/trait are detected in an experiment with a truncation point of 0.35σ p , with an average standard error of 0.11σ p (similar to the average values for the dairy experiments). Then using the ML estimates for α and β from the dairy distribution, 11.8 heterozygous QTL per sire are predicted. Using the distributions at either extreme of the joint (for α and β) 95% confidence interval from the ML surface gives an interval of 21 heterozygous QTL per sire to 6 heterozygous QTL per sire.
For pigs, the F 1 segregation variance estimated from the gamma distribution of gene effects appears to be less than half the heritability that might be expected in an F 2 . This may be for the reasons discussed in the previous paragraph, but could also be because only QTL with alternative alleles fixed in the parent breeds are being detected.
The difference in the shape of the distributions estimated from the pig and dairy data could be due to sampling errors. However differences could also be due to the designs of the experiments. The pig experiments sought QTL which had different alleles fixed in each parent breed. If the differences between breeds were partly due to selection, then one would expect fixation of alleles to occur more often for alleles of medium to large effect than small effects.
The QTL effects reported in the literature are actually for chromosome segments, rather than individual genes. Our distributions could therefore be more correctly termed distributions of effects of chromosome segments in livestock species, rather than distributions of the effects of genes. Our predictions of the number of segregating QTL are actually predictions of the number of segregating chromosome segments with an effect on the quantitative trait in a population. If there are two or more segregating genes within a chromosome segment bracketed by markers, our methods will underestimate the number of QTL segregating.
While distributions for QTL effects in livestock species have not previously been reported, it is useful to compare our results to those from laboratory species and from theoretical models of variation in quantitative traits. There is increasing evidence in laboratory species for leptokurtic distributions of gene effects. Shrimpton and Robertson [25] isolated chromosome segments, or polygenic factors, which controlled bristle score in Drosophila melanogaster. Although their experiment could not ascertain factors less than 0.6 phenotypic standard deviations in size, they concluded their observations supported the hypothesis that quantitative characters are controlled by a few major effects supported by a host of smaller effects of diminishing influence on the character. This agrees with the shape of our distributions. The shape of our distributions is also similar to, but somewhat less leptokurtic than, those observed for mutation effects in laboratory species [12, 19, 20] .
There are no estimates in the literature of the number of heterozygous loci affecting a quantitative trait segregating in pig and dairy populations to compare to our results. We can however, compare our values to literature estimates for the number of genes controlling quantitative characters in other species. Lande [16] used the Wright index [6] to estimate the minimum number of loci controlling fruit weight in tomato, percent oil in maize kernels, fish eye diameter, and date of anthesis in Goldenrod. The average number of effective loci over all traits and species was approximately 10, with a range of 5 to 22. However, Wright's estimate assumes all allelic effects are equal. This is unlikely given the shape of our distributions for genes affecting quantitative traits. We can adjust Wrights Index to accommodate unequal allelic effects that follow the distributions predicted in this study. After making this adjustment, the average number of loci over all traits and species in Lande [16] would be 30. This value is less than, but close to, the number of QTL we predict are segregating in dairy populations (if the effective population size is small). It is important to note that we have not predicted the total number of genes in the genome with an effect on a quantitative trait, but only the number of genes which are segregating in the population. The total number of genes which affect a trait will be many times larger.
Our distributions of effects of QTL on quantitative traits can be compared to distributions which have emerged from theoretical models of variation in quantitative traits. Wahlroos et al. [26] simulated populations with finite numbers of loci over many generations of mutation -natural selectiondrift followed by a few generations of artificial selection. The variance in these populations after artificial selection was largely generated by a small proportion of QTL of intermediate effect (0.2σ p < a < 0.6σ p ). This agrees with our results, e.g. Figure 3 .
The distribution of effects of QTL on a quantitative trait has utility for planning QTL mapping experiments. The aim of mapping experiments is to detect QTL which contribute to genetic variance. Most QTL detection experiments performed to date have had a significance threshold of approximately 0.35σ p or greater (e.g. [9, 15, 29] ). Even if QTL of this size could be observed without error in a mapping experiment, Figure 3A indicates all the QTL detected would only explain 58% of the variance for dairy, and 20% of the variance for pigs. To detect enough QTL to explain 90% of the variance, experiments would need to detect QTL as small as 0.1σ p . Weller et al. [28] estimate to detect QTL with effects of this size with a power of 0.73 would require a grandsire design with 20 grandsires, 200 sons per grandsire and 100 granddaughters per son. This is a considerably larger experiment than the mapping experiments which have been performed to date [4, 9, 29] .
Recently, a number of researchers have used finite locus models to estimate additive variance and breeding values [7, 11, 13, 21] . The models assume a prior distribution of gene effects from which effects at individual loci are sampled. Uniform distributions [7] , Normal distributions [7, 11, 21] , exponential distributions [21] and gamma distributions [13] have been assumed. In all cases, the parameters of the distributions were chosen arbitrarily. The distribution of QTL effects proposed here would be a natural candidate for the distribution of gene effects used in such models.
Quantitative trait loci mapping experiments are at an early stage, and few significant results have been reported to date. Results from many QTL mapping experiments will be published in the next few years. We recommend results from these experiments be included in data sets for the different species, and distributions of effects of QTL on quantitative traits be periodically re-estimated as more information becomes available.
A current trend in the human genetic literature is to use meta-analysis of linkage data across a number of studies (e.g. Allison and Heo [1] ). A single such meta-analysis has been carried out in pigs to estimate the effect and location of a QTL affecting backfat on chromosome four [27] . Such approaches increase the power to discriminate between false positive and true QTL. Estimates of QTL effects from meta-analysis would be valuable data for estimating the distribution of QTL effects, as estimation errors of the QTL effects should be lower relative to data from single studies.
